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ABSTRACT
Alzheimer's disease (AD) is a progressive neurodegenerative disorder that affects speech and language abilities,
making speech analysis a promising non-invasive tool for early screening and monitoring. Most existing speech-based
AD detection systems are developed using single-language datasets and controlled recording conditions, which limits
their applicability in multilingual and noisy environments. This study presents a multilingual noise-aware speech-
based AD detection framework evaluated across English, Chinese, and Spanish. The proposed framework uses
pretrained speech encoders as frozen feature extractors, applies controlled noise augmentation at clean, 10 dB, and 15
dB conditions, and introduces HyJS-Fuse, a hyperbolic Jensen—Shannon divergence-based multi-view fusion
framework. HyJS-Fuse maps complementary speech representations into a Poincaré ball, fuses them through Mobius
addition, and optimizes the fused prediction using a supervised Jensen—Shannon divergence objective with optional
branch-consistency regularization. Experimental results show that the proposed framework consistently outperforms
single-encoder and concatenation-based baselines across languages and acoustic conditions. The best clean-condition
results reach 98.27% accuracy and 96.89% F1 on English, 95.06% accuracy and 93.82% F1 on Chinese, and 91.02%
accuracy and 89.24% F1 on Spanish. These findings demonstrate that geometry-aware multi-view fusion is effective
for robust multilingual AD detection from speech.
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channel variation, and recording artifacts are
common.”

1. INTRODUCTION

Alzheimer’s disease (AD) is a progressive
neurodegenerative disorder associated with gradual
cognitive decline and substantial clinical burden.'?
Early identification of individuals at elevated risk or in
early-stage decline is important for timely clinical
management and improved long-term outcomes.?
However, conventional assessment pathways often
depend on specialized clinical testing and structured
neuropsychological evaluation, which can be
resource-intensive and difficult to scale in low-
resource or large-screening settings.*

Speech-based assessment provides a promising
non-invasive alternative because speech can be
collected at low cost and can reflect changes in
articulation, fluency, prosody, lexical retrieval, and
temporal organization. Prior studies have shown that
acoustic and linguistic speech markers can support
automatic AD detection using machine learning and
speech processing methods.>® Nevertheless, most
existing systems are developed under monolingual and
controlled recording conditions. This limits their
generalization to multilingual populations and realistic
acoustic environments where background noise,

Another limitation is that many speech-based AD
systems rely on either a single feature representation
or simple concatenation of multiple features. Such
approaches may fail to preserve complementary
structure across different pretrained speech encoders.
This is especially important in multilingual AD
detection, where speech representations may capture
different phonetic, prosodic, and language-specific
cues. Motivated by these limitations, this study
proposes HyJS-Fuse, a hyperbolic Jensen—Shannon
divergence-based multi-view fusion framework for
multilingual noise-aware AD detection from speech.

The main contributions of this work are:

*  We present a multilingual speech-based AD
detection framework evaluated across
English, Chinese, and Spanish under clean
and noise-degraded conditions.

*  We investigate multiple pretrained speech
encoders as frozen feature extractors to
capture complementary acoustic and
linguistic information.

*  We propose HyJS-Fuse, a hyperbolic multi-
view fusion framework that combines
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encoder representations using Mobius
addition and Jensen—Shannon divergence-
based learning.

* We show that the proposed framework
consistently improves over single-encoder
and concatenation baselines across languages
and acoustic conditions.

2. RELATED WORK

Speech-based AD detection has been widely
studied as a non-invasive approach for cognitive
screening. Earlier work demonstrated that automatic
speech analysis can identify markers associated with
predementia and AD using acoustic, lexical, and
temporal features.* Low-resource and challenge-based
studies further showed that speech and language
technologies can support AD detection and
assessment, while also highlighting the sensitivity of
model performance to dataset design and evaluation
protocol.>

Noise robustness and feature stability remain
important challenges for clinical speech systems.
Real-world recordings may include background noise,
microphone variability, and environmental distortions.
Prior work on noise-robust speech processing has
shown that acoustic degradation can significantly
affect recognition and downstream classification
performance.” Similarly, heterogeneous speech
feature design and careful feature selection can
improve model stability in limited-data settings.®

Recent pretrained speech encoders such as XLS-
R, wav2vec 2.0, Whisper, MMS, and TRILLsson
provide transferable representations learned from
large-scale speech data. These encoders capture
different aspects of speech, including phonetic,
acoustic, multilingual, and semantic information.
However, simply concatenating encoder
representations may not fully exploit their
complementary structure. This motivates the use of
geometry-aware fusion, where different representation
streams can be integrated in a structured latent space.

3. MATERIALS AND METHODS

3.1. Pretrained Speech Encoders

To capture complementary speech characteristics
relevant to AD detection, we use multiple pretrained
speech representation models as frozen feature
extractors. Specifically, we consider TRILLsson,
XLS-R, wav2vec 2.0, Whisper, and MMS. These
encoders differ in their training objectives,
multilingual exposure, and representational focus. All
encoders are kept frozen during training to ensure

stable comparison across languages and acoustic
conditions.

3.2. Dataset Description

The study uses a multilingual speech dataset
comprising English, Chinese, and Spanish. These
languages were selected to evaluate cross-language
robustness across distinct phonetic, prosodic, and
structural characteristics.

For English, we use the Pitt Corpus from
DementiaBank.? The Cookie Theft picture description
task is used, following common practice in dementia
speech analysis. The English subset contains 243
healthy control (HC) samples and 309 AD samples.
For Spanish, we use the Ivanova corpus from
DementiaBank,'” which contains standardized reading
speech recordings from older adults. The Spanish
subset includes 196 HC samples and 74 AD samples.
For Chinese, we use the NCMMSE dataset released
through NCMMSC  Alzheimer’s  recognition
resources.!! The Chinese subset contains 108 HC
samples and 79 AD samples.

Table 1: Summary of multilingual AD speech
datasets.

HC AD

Language Dataset Samples Samples

English Pitt Corpus 243 309

Chinese NCMMSE 108 79

Spanish Ivanova 196 74
Corpus

3.3. Noise Augmentation Strategy

To evaluate robustness under realistic acoustic
conditions, controlled noise augmentation is applied
by adding background noise to clean speech signals at
predefined signal-to-noise ratio (SNR) levels. Let x(z)
denote a clean speech waveform and n(?) denote a
noise waveform segment of the same length. The
augmented signal is defined as:

y
=x(1) +an() )
where a is selected to satisfy the target SNR:

SNRgs = 10
logio (1x1%2 / lanl?, ) 2)
Solving for a gives:

a = V(¢ Ixl2, /
(Inl?, - 1OSNR-4B/0 ) ) 3)
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Noise augmentation is applied only after speaker-
independent train—test partitioning to avoid data
leakage. The same augmentation protocol is used
across English, Chinese, and Spanish.

3.4. Proposed HyJS-Fuse Framework

We propose HylJS-Fuse, a hyperbolic Jensen—
Shannon  divergence-based multi-view  fusion
framework. Fig. 1 shows the overall model
architecture.

Two-View Feature Extraction and Branch Encoding

PRISM Fusion
2= ®c 23

SSL Encoder 2 5{21x)
. CNN Encoder $,(-)

Figure 1: Overview of the proposed HyJS-Fuse
framework. Two complementary speech
representation views are extracted using frozen SSL
encoders, processed through branch-specific CNN
encoders and projection heads, mapped into
hyperbolic space, and fused through Md&bius addition.
The fused and branch-wise embeddings are mapped to
the tangent space for probabilistic prediction and
optimized using supervised and branch-consistency
objectives.

Let D = {(xn, yu)/Nn=1 denote the training dataset,
where x, is an input utterance and y, is the
corresponding class label. For each utterance x, two
complementary SSL feature views are extracted and
denoted as s(V(x) and s@(x). Each view is passed
through a branch-specific CNN encoder ¢(?) and
pooling operator P(*) to obtain:

ho(x)
= P(¢v(s™(x))) “)

where b € {1, 2}. A projection head g,(:) then maps
each branch representation into a Euclidean latent
vector:

ub(

x) = go(hv(x)) ®)

Each Euclidean latent vector is mapped to a Poincaré
ball B = {z € R : clzI*> < 1} using the exponential
map at the origin. This gives branch-specific
hyperbolic embeddings zi(x) and z>(x). The two
embeddings are fused using Mdbius addition:

Zf(x)
=21(%) Be 22(x) ()

For two points p, ¢ € B%, M&bius addition is defined
as:

p & q = [ + 20 q) +
clgPp + (1 = clpl¥)q] / [1 + 2¢(p, ) + AlplPlgl?] (7)

The fused embedding and branch embeddings are
mapped back to the tangent space using the
logarithmic map. Linear classifiers then produce
branch-wise and fused logits. These logits are
converted into predictive probability distributions
using softmax. The Jensen—Shannon divergence
between two distributions p and ¢ is:

Dys(p, q) = H(p
+q)/2) = % H(p) — %2 H(q) (3

where H(") denotes Shannon entropy. The supervised
loss is:

Lsup(x, ¥)
= Dis(e(y), pi(x)) (€)

where e(y) is the one-hot target distribution and p¢(x)
is the fused prediction from an augmented or perturbed
input. The final objective combines supervised loss
with branch-consistency regularization:

Lix, Y =
Lawp(x, ¥) + A Leons(x) (10)

where A controls the consistency term.

3.5. Classification and Evaluation Protocol

All experiments use speaker-independent splits to
ensure that no subject appears in both training and
testing sets. Performance is evaluated separately for
each language under clean, 10 dB, and 15 dB
conditions. Accuracy and F1-score are reported as the
main evaluation metrics. We compare three settings:
single-encoder features, concatenation-based pairwise
fusion, and the proposed HyJS-Fuse framework.

4. RESULTS AND DISCUSSION

To keep the main manuscript concise, we report
compact summaries of the strongest results across
single-encoder, concatenation, and HyJS-Fuse
settings. Complete model-pair results can be included
as supplementary material.

4.1. Single-Encoder Results

Table 2 summarizes the strongest single-encoder
results. XLS-R achieves the strongest clean-condition
F1 on English and Chinese, while TRILLsson is also
competitive. MMS and wav2vec 2.0 are generally
weaker, indicating that multilingual and semantically
rich encoders provide more useful AD-related cues.

Table 2: Best single-encoder results across
languages.
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Best Clean 10dB 15dB
Encoder F1 F1 F1

English XLS-R 87.02 85.64 85.23
Chinese XLS-R 83.45 8238 81.26
Spanish XLS-R 80.04 78.93 77.29

Language

4.2. Concatenation Baseline

Pairwise concatenation improves over single
encoders in most settings, especially for pairs
involving PaSST, XLS-R, and Whisper. However, the
improvements are moderate and degrade under
stronger noise. This suggests that direct feature joining
does not fully exploit the complementary structure
across encoder views.

Table 3: Best concatenation-based pairwise fusion

results.
Clean 10 15
Language Best Pair F1 dB dB
F1 F1
English PaSST + 91.26 87.92 86.79
wav2vec
2.0
Chinese XLS-R + 88.21 87.13 85.37
MMS
Spanish PaSST + 83.51 81.76 79.64
XLS-R

4.3. Proposed HyJS-Fuse Results

Table 4 summarizes the strongest HyJS-Fuse
results. The proposed framework consistently
improves over both single-encoder and concatenation
baselines across all three languages. On English,
PaSST + XLS-R achieves 98.27 accuracy and 96.89
F1 in the clean condition. On Chinese, XLS-R +
wav2vec 2.0 achieves 95.06 accuracy and 93.82 FI.
On Spanish, XLS-R + Whisper achieves 91.02
accuracy and 89.24 F1. These results show that
hyperbolic fusion preserves cross-view information
more effectively than simple concatenation.

Table 4: Best HyJS-Fuse results across languages.

Clean 10 15
Language Best Pair F1 dB dB
F1 F1

English PaSST + 96.89 95.67 94.17

XLS-R

Clean 10 15
Language Best Pair F1 dB dB
F1 F1
Chinese XLS-R + 93.82 92.11 90.56
wav2vec
2.0
Spanish XLS-R + 89.24 87.39 86.53
Whisper

4.4. Discussion

The experimental findings support three main
conclusions. First, multilingual AD detection benefits
from representation diversity, especially when
complementary pretrained encoders are combined.
Second, direct concatenation provides useful gains
over single encoders but remains limited under noise.
Third, HyJS-Fuse provides the most consistent
improvements across all languages and acoustic
conditions, suggesting that geometry-aware fusion is
effective for preserving complementary cross-view
structure.

Spanish remains the most challenging dataset,
likely due to dataset size, task structure, or acoustic
variability. However, the proposed method still
improves substantially over the baselines. These
results indicate that hyperbolic multi-view fusion is a
promising direction for multilingual cognitive health
assessment from speech.

5. CONCLUSION

This study presented a multilingual noise-aware
speech-based  Alzheimer’s  disease  detection
framework evaluated across English, Chinese, and
Spanish. The proposed HyJS-Fuse framework
combines  complementary  pretrained  speech
representations in hyperbolic space and optimizes the
final prediction using a Jensen—Shannon divergence-
based objective. Experimental results show that HyJS-
Fuse consistently outperforms single-encoder and
concatenation-based baselines across clean, 10 dB,
and 15 dB conditions. These findings demonstrate that
geometry-aware multi-view fusion is an effective
strategy for robust multilingual AD detection from
speech. Future work will investigate broader
multilingual settings, cross-dataset generalization,
component-wise ablation studies, and alternative
divergence-based objectives for improved stability
and interpretability.
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